Drug-resistant mutations often have deleterious impacts on replication fit-24 ness, posing a fitness cost that can only be overcome by compensatory muta-25 tions. However, the role of fitness cost in the evolution of drug resistance has 26 often been overlooked in clinical studies or in vitro selection experiments, as 27 these observations only capture the outcome of drug selection. In this study, 28 we systematically profile the fitness landscape of resistance-associated sites in 29 HIV-1 protease using deep mutational scanning. We construct a mutant li-30 brary covering combinations of mutations at 11 sites in HIV-1 protease, all of 31 which are associated with resistance to protease inhibitors in clinic. Using deep 32 sequencing, we quantify the fitness of thousands of HIV-1 protease mutants 33 1 after multiple cycles of replication in human T cells. Although the majority 34 of resistance-associated mutations have deleterious effects on viral replication, 35 we find that epistasis among resistance-associated mutations is predominantly 36 positive. Furthermore, our fitness data are consistent with genetic interactions 37 inferred directly from HIV sequence data of patients. Fitness valleys formed 38 by strong positive epistasis reduce the likelihood of reversal of drug resistance 39 mutations. Overall, our results support the view that strong compensatory 40 effects are involved in the emergence of clinically observed resistance muta-41 tions and provide insights to understanding fitness barriers in the evolution 42 and reversion of drug resistance. 43 1 Introduction 44 Antibiotics and antiviral drugs have achieved great success in recent history [1].
To validate the quantification of relative fitness, we conducted competition ex-119 periments with individually constructed protease mutants. We performed two sets 120 of validation experiments. For the first set, we packaged mutant virus and wild-type cation capacity [34, [64] [65] [66] . Random mutagenesis in other viruses also revealed a 137 lack of beneficial mutations in well-adapted systems [65, [67] [68] [69] . DRAMs in par-138 ticular were also reported to be deleterious to virus replication [31, 44] . They may 139 destabilize viral protein, affect enzymatic activities or impact other protein-protein 140 interactions [21, 70] . 141 We then analyzed epistasis between all pairs of DRAMs. Previous studies have 142 shown the prevalence of epistasis among pairs of random mutations [34, 37, 67] or 143 spontaneously accumulated mutations [71] . However, studies focused on the epista-144 sis among drug resistance mutations are still limited [30, 39, 64, 67, 72] . Based on the 145 fitness effect of single DRAMs, we predicted the relative fitness of double mutants 146 with the assumption that no epistasis existed among any two single mutations (i.e., 147 the predicted relative fitness of a double mutant was the sum of those of two sin-148 gle mutants)( Figure 2B) . Surprisingly, the observed relative fitness of most double 149 mutants were significantly higher than the predicted values (p = 2.2 × 10 −6 , two- 155 We also analyzed the extent of epistasis among high-order mutants. We observed 156 a trend that relative fitness decreased as the order of mutants increased ( Figure S3 ). Figure 3B ). The correlation was lower than previous analysis in HIV-198 1 Gag and Env region [80, 82] . This may be due in part to strong phylogenetic bias 199 on the inferred Potts parameters, because protease is particularly highly conserved.
200
It is also possible that epistatic interactions with other parts of the HIV-1 genome 201 and complicated anti-innate immunity functions of protease [84] obscure the effects 202 of individual mutations on replicative fitness in vitro.
203
We compared the couplings between DRAMs and other mutations in protease.
204
The Potts couplings J ij (A i , A j ) give the contribution of pairwise epistatic inter-205 actions between amino acids A i and A j at sites i and j, respectively. We com- profiled in this study, we find that trajectory-based epistasis is overall positive and 234 increases steadily with the number of substitutions, i.e. the fitness contribution of 235 a single mutations becomes more positive if more DRAMs have been fixed. 236 We tested the hypothesis that positive epistasis prevented drug resistance asso- be accessible if and only if the virus fitness increases monotonically along the path.
243
For example, quadruple mutant V32I_M46I_I54L_V82F has many paths to revert 244 to wild-type ( Figure 4A ). Among them, losing V32I, I54L, V82F, M46I in order was 245 an accessible path ( Figure 4A , red line). On the contrary, losing I54L, V82F, M46I,
246
V32I is not accessible because there were 2 steps with decreasing relative fitness 247 ( Figure 4A , blue line). We found that among double mutants, 44 have two accessi- 
296
Positive epistasis involves many kinds of molecular mechanisms. We find that the 297 relative fitness of single mutants is not a significant factor of positive epistasis. We 298 compared h i in the Potts model for all DRAMs and other single mutants. They were 299 not significantly different(p = 0.20, K-S test). Physical distance between residues is 300 a significant factor contributing to positive epistasis. The physical distances between 301 these residues were significantly less than those between any two random residues 302 on HIV-1 protease (D = 0.32, p = 3.9 × 10 −10 , two-sided K-S test, Figure S5A ), 303 suggesting that physical contact among DRAMs might contribute to the observed 304 positive epistasis. Some mutations may have structurally stabilizing effect to other 305 residues. We used FoldX to predict the folding free energy (∆∆G) as a quantification 306 of protein stability [100] for all mutants in our library ( Figure S5B ). We noticed in 307 the screening that mutation V82F contributed to the positive epistasis on many 308 genetic backgrounds ( Figure 4B ), but it did not contribute much to the stabilizing HIV-1 protease mutant library (Table 1) . 318 We used a ligation-PCR method to construct the library on NL4-3 backbone, 319 which is an infectious subtype B strain. All possible combinations of these 13 muta-320 tions are 2 9 × 3 2 = 4608 genotypes. The mutagenesis region spanned 243 nucleotides 321 on HIV-1 genome. We split the region into 5 oligonucleotides and ligate them in At least 2 × 10 5 copies of viral genome were used to make sequencing libraries. 355 We PCR amplified the mutagenesis regions using the following primers: 5'-CTAA the virus library from the transfected 293T cells, we reached 4.45 × 10 5 to 6.05 × 10 5 367 sequencing depth. We filtered out the genotypes with frequency fewer than 5 × 10 −5 368 in any biological replicate and the genotypes whose frequency differ more than 10 369 folds between any two biological replicates.
370
Relative fitness f m,r of mutant m in experiment r (biological replicates) was defined as Equation 1.
F m,r,input is the frequency of mutant m before screening. F m,r,output is the fre-371 quency of mutant m after passaging. F W T,r,input is the frequency of wild-type virus 372 before screening. F W T,r,output is the frequency of wild-type virus after passaging.
373
The relative fitness f m was defined as the average of 3 biological replicates (Equation 2). However, if relative fitness was missing in one replicate, we only average the other two replicates. The relative fitness value of all mutants was shown in Supplementary File 1.
, where R is the number of biological replicates.
374
Pairwise epistasis ε i,j between mutant i and mutant j was defined as:
, where f i,j refers to the relative fitness of double mutant i and j.
375
Trajectory-based epistasis ε M,j between a multi-mutation genotype M and another genotype differ by one mutation j was defined as: Alamos National Laboratory HIV sequence database, as described in the main text.
378
Sequences were processed as previously described [101] . Briefly, we first removed 379 insertions relative to the HXB2 reference sequence. We also excluded sequences 380 labeled as "problematic" in the database, and sequences with gaps or ambiguous 381 amino acids present at >5% of residues were removed. Remaining ambiguous amino 382 acids were imputed using simple mean imputation. 
397
The Potts model is a probabilistic model for the 'compressed' sequences A, where the probability of observing a sequence A is
Here the normalizing factor
ensures that the probability distribution is normalized. We used ACE [83] to in-398 fer the set of Potts fields h i (A i ) and couplings J ij (A i , A j ) that result in average 399 frequencies and correlations between amino acids in the model (5) that match the 400 frequencies p * i (A i ) and correlations p * ij (A i , A j ) observed in the data. We used a 401 regularization strength of γ = 7 × 10 −5 in the inference, which is roughly equal to 402 one divided by the number of unique patients from which the sequence data were 403 obtained. We confirmed that the parameters inferred by ACE resulted in a Potts 404 model that accurately recovered the correlations present in the data. to amplify the fragment with mutated nucleotides. We ligated the fragment with 409 NL4-3 backbone using ApaI and SbfI. We transformed competent E.coli and picked 410 single colonies. We sequenced the protease region of plasmids to make sure there is 411 only desired mutant in this region. 7 mutants were L10F, I47V, T74P, L76V, V82F, 412 V82T, L90M.
413
We produced mutant viruses in 293T cells, mixed them with wild-type and in-414 fected CEM cells. The frequencies of mutant virus before and after infection were 415 quantified by deep sequencing. We did 2 biological replicates with each validation 416 method. For validation 1, we pairwisely mixed the mutant and wild-type virus for 417 competition. For validation 2, we mixed all 7 mutants and wild-type virus. 
B)
Figure 1. High-throughput fitness profiling of combinatorial HIV-1 protease mutant library. A) The structure of protease dimer (PDB: 4LL3). The side chains of drug resistance associated residues are shown. B) Protease mutations were introduced into NL4-3 background. T cells were infected by the mutant virus library. The frequency of mutants before (input library) and after (output library) selection were deep sequenced. C) The correlation of relative fitness between two biological replicates. Pearson correlation coefficient (R) is 0.80. D) Two independent validation experiments were performed. We constructed 7 protease single mutant plasmids and recovered viruses independently. We mixed each mutant virus with wild-type virus (validation 1, black dots) and passaged in T cells for 6 days. We also mixed all 7 mutant viruses together with wild-type (validation 2, red dots) and infected T cells for 6 days. The relative fitness of each mutant was quantified by the same means as that in the library. Pearson correlation coefficients (R) for validation 1 and validation 2 are both 0.84. Error bar is standard deviation (n=3). (n=3) . B) The predicted relative fitness and observed relative fitness of double mutants. The predicted relative fitness was the sum of that of the two single mutants. Inset, the distribution of epistasis between double mutants. Error bar is standard deviation (n=3). C)The predicted and observed fraction of viable mutants. A mutant was defined as viable if its relative fitness is higher than -4(dashed line) or -2(solid line). 
